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ABSTRACT

Background. In Spain’s “MIR” system of allocating residency training positions, medical school
graduates are ranked according to their performance on a national exam and then sequentially
choose from the remaining available training slots. We studied how changes in the MIR system
might address the inadequate supply of practitioners of family and community medicine in that
country.

Data. Our data included: a registry of the actual residency positions chosen by medical school
graduates in the 2012 MIR cycle; a 2012 post-MIR survey in which graduates made counterfactual
choices as to what they would have chosen but for their position in the national rankings; and a 2011
survey of the relative importance of specialty attributes among final-year medical students in the
same cohort.

Methods. We modeled the MIR system as a one-sided matching mechanism based priority rankings,
also called “serial dictatorship.” Within this model, we developed a framework for evaluating the
tradeoff between the efficiency gains from increasing the supply of practitioners of family and
community medicine and the equity-related benefits of permitting the most talented medical students
to make their specialty choices first. We then applied our framework to real data on medical school
graduates’ specialty choices during 2012 MIR cycle. Our empirical analysis, based on the
multinomial logit model with random coefficients, took account of the endogeneity of choice sets
induced by the MIR scheme. We then used the parameter estimates to simulate various alternative
public policies, including random ranking of candidates, restrictions on the supply of training
positions, and policies designed to upgrade medical school graduates’ valuations of a career in
family and community medicine.

Results: Both random ranking and restrictions in supply resulted in a relatively small efficiency
gains from training more productive medical school graduates in family and community medicine,
but at the same time a substantial equity losses. Improvements in two key attributes of family and
community medicine — professional prestige and the proportion of income from private practice —
resulted in substantial gains in both equity and efficiency.

Conclusions: Policies designed to increase the prestige and remuneration of practitioners of family
and community medicine have the potential to be more efficient and equitable than other
alternatives.
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1. Introduction

Numerous authors in many countries have lamented the shortage of primary care
physicians, particularly the inadequate supply of practitioners of family and community medicine
(Bodenheimer 2006, Rosenblatt, Andrilla et al. 2006, Scott, Larson et a. 2006, Mariolis, Mihas
et a. 2007, Colwill, Cultice et al. 2008, Thistlethwaite, Leeder et al. 2008, Huibers, Giesen et al.
2009, Steinbrook 2009, Barber and L opez-Valcarcel 2010). The roots of the shortage are
complex and varied, but undoubtedly include noncompetitive distortions in the relative prices of
primary, secondary and tertiary medical care, aswell as undervalued external benefits of
preventive and other community-based services (Watts and Segal 2009, Cheng, Scott et a. 2011,
de Bakker, Struijs et al. 2012). Whatever the underlying causes, there has been a general
perception that the social value of training an additional primary care doctor exceeds the private
gains, and that the market has failed to take this divergence between private and social benefits
into account.

A wide variety of corrective measures have been proposed, including changes in payment
mechanisms and physician compensation, improvements in working conditions, policiesto
counter the low prestige of primary care medicine, and the training of non-physician practitioners
as substitutes (Dorsey, Jarjoura et al. 2003, Thornton and Esposto 2003, Gagne and Leger 2005,
Goroll, Berenson et a. 2007, Ortun, Gonzalez Lopez-Valcarcel et al. 2008, Krueger and Halperin
2010, Sivey, Scott et al. 2010, Gonzalez L opez-Valcarcel and Barber Perez 2012). However,
there has been relatively little consideration of alternative policies focused at the critical point
where medical school graduates choose residency training positions. A growing body of
theoretical research on matching mechanisms ultimately led to the reengineering of the U.S.
residency matching program (Roth and Peranson 1999). Still, the principal focus of such
research — and its subsequent applications to public school assignment, housing, and other
matching problems (Abdulkadiroglu and Sénmez 1998, Ergin 2002, Abdulkadiroglu and Sénmez
2003, Pathak 2011) — has been the development of algorithms that result in stable, Pareto-
efficient allocations. The design of matching mechanisms that correct for externalities and other
market failures has not been a priority.

Our objectivein this article isto evaluate policy aternatives to the current national
system for allocating residency training positionsin Spain, widely known as“MIR.” We develop

asimple theoretical model of the MIR system as a one-sided matching mechanism based on
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priority rankings. The model incorporates the possibility of an external benefit from training a
doctor in family and community medicine. It also explicitly takes into account the tradeoff
between efficiency — in the sense of correcting for the undervaluing of primary care physicians —
and equity —in the vertical sense that the most talented medical students deserve to make their
specialty choices first. Within this theoretical model, we explore the properties of various
maodifications of the MIR scheme. We then apply our conceptual modelsto real dataon MIR
outcomes, and use our empirical estimates to simulate the effects of aternative policy
maodifications of the MIR system.

In the following section, we describe the institutional details of the MIR system of
allocating residency training positions. Section 3 presents our theoretical framework for
evaluating the tradeoff between equity and efficiency within the MIR context. In Section 4, we
present our data: aregistry of the actual choices of medical school graduatesin the 2012 MIR
cycle; asurvey in which graduates made counterfactual choices as to what they would have
chosen but for their position in the queue; and a survey of the perceived attributes of each
specialty among final-year medical students carried out in 2011. Section 5 presents our model of
discrete choice, alogit model with random coefficients and endogenous constraints on
candidates’ choice setsimposed by the MIR allocation system.

In Section 6, we present our strategy for simulating alternative policy scenarios. We
evaluate four different policies: (1) random assignment of candidates’ ranking in the priority
mechanism; (2) concentrated reduction of supply, eliminating training positionsin small centers;
(3) generalized reduction of supply, reducing the number of positionsin all centers
proportionately; and (4) policies designed to selectively increase the prestige and remuneration
of practitioners of family and community medicine.

Section 7 presents the results of our discrete choice models, while Section 8 shows the
results of our policy simulations. We find that policies designed to increase the prestige and
remuneration in private practice of practitioners of family and community medicine have the
potential to be more efficient and equitable than other alternatives. Finaly, in Section 9 we

discuss the limitations of our work and offer aroadmap for further research.
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2. The MIR System of Allocating Residency Training Positionsin Spain

The allocation of residency training positionsin Spain is organized and regulated at the
national level by a system widely known as MIR, which stands for “médico interno residente,”
literally “resident medical intern.” On an annual basis, the central government’s Ministry of
Health authorizes postgraduate training programs in 47 specialties. The distribution of specialty
training programs and the number of training positions within each program are based on models
of population needs and physician supply (Barber and Gonzalez L opez-Val carcel 2010). To be
considered for aresidency training position during a particular annual cycle, each * candidate”
must have an approved diploma from a Spanish or foreign medical school and take a national
examination. Candidates are then ranked on the basis of their MIR combined score, whichisa
weighted average of their national exam score (90%) and medical school grade point average
(10%).

Once all training positions are authorized and all candidates are nationally ranked, the
final phase of the annual MIR cycle functions essentially as a one-sided sequential allocation
mechanism or “serial dictatorship,” in which the training programs play only a passive role. The
top-ranked candidate chooses his preferred residency training position from the entire set of
nationally available training programs. Then the second-ranked candidate chooses from the
remaining available residency positions, and the process continues iteratively until al training
positions are exhausted or all candidates have elected positions.

The national rank ordering isacritical element of the MIR allocation scheme, and in a
loose sense resembles a tournament where the prizes are highly valued residency training
positions in the most sought-after specialties. With each annual MIR cycle, the graduates of the
nation’s top medical schools consistently attain the highest combined scores and thus get to
choose their prizesfirst (Gonzalez Lopez-Valcarcel, Ortun et a. 2013, Lopez-Valcarcel, Ortun et
a. 2013). Figure 1 highlights the superior performance of the 213 graduates of the medical
school of the Universidad Auténoma de Madrid, a university that has consistently produced top-
ranked candidates, among atotal of 6,348 candidates in the 2013 MIR cycle.

Year after year, the highest scoring candidates from the top universities consistently
choose such specialties as plastic surgery, dermatology and cardiology. At the bottom of the
national ranking, the residual claimants are left with a Hobson's choice between enrollingin a

residency in family and community medicine or dropping out in order to retake the national
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exam the following year (Gonzalez L opez-Valcarcel, Barber Perez et al. 2011). In the 2002 MIR
cycle, as shown in Figure 2, only 200 candidates within the top-ranked 3,000 chose a residency
position in family and community medicine, and by the 2012 cycle, only 50 had done so.

Figure 2 suggests that the declining status of family and community medicine may have
reached bottom in 2010 and, in fact, there is evidence of aminor reversal (Harris, Gonzalez
Lopez-Valcarce et al. 2013). The critical factor appears to be job security. Until the financial
crisis erupted in late 2008, unemployment among Spanish physicians was arelatively rare
phenomenon, with most doctors obtaining long-term jobs as salaried employees of the Spanish
national health system. As the budgetary cutbacks began to hit the health departments of the
country’s autonomous communities, an increasing number of physicians came every month to
government unemployment offices looking for ajob. In the face of rising unemployment,
practitioners of family and community medicine experienced fewer job losses than specialists
(Figure 3).

The prospects for increased job security in family and community medicine, however,
may turn out to be short lived. Many recent graduates have been compelled to accept temporary
employment contracts under conditions substantially inferior than those prevailing before the
crisis. One sign of the increased turnover is the abrupt rise in the proportion of new employment

contracts that go to practitioners of family and community medicine (Figure 4).

3. Theoretical Framework

We assume that there are N >0 candidates for residency training positions. We denote

the set of candidates by C:{cl\i :L...,N}.Wefurther assume that thereare M >0 available
training positions, and denote the set of residency training positionsby P :{ P; ‘j =1..., M} .

For ssimplicity, we assume that there are only two types of residency training programs:. family

medicine (F), and a hospital-based specialty (H). Our results could readily be generalized to
more than two types of programs.t Let M. and M, , respectively, denote the number of

training positions available in each of the two specialties, where M. + M, = M . We assume for

1 Formally, the specialty is known as “family and community medicine” (or “medicinafamiliar y comunitaria’), but
for brevity here we shall sometimes refer to it simply as “family medicine.”
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now that the number of training positions equals or exceeds the number of candidates, that is,
M > N . Violations of this assumption are discussed below. We further assume that candidates
regard all positions within a specialty as interchangeable. The only characteristic of aresidency
training program that matters to a candidate is the specialty. We can thus regard the set P of
training positions as having binary elements, equal to either 1 for family medicine or O for the
hospital-based specialty.

We define an assignment as a single-valued mapping f fromtheset C of candidates
onto the set P of positions. Since we have assumed that M > N, the mapping f assigns every
candidate to aresidency position. Let f. denote the assigned specialty of candidate ¢ , where

f. =1 if the candidate is assigned to family medicine, and f, =0 otherwise. In the literature on

matching mechanisms, including the well-studied house allocation problem (Abdulkadiroglu and
Sonmez 1998), our candidates are called “agents,” our positions are called “houses,” and what
we describe as an assignment is called an “allocation.” The house allocation literature generally
assumes that the number of houses equals the number of agents. Here, we alow for the
possibility that the number of positions differs from the number of candidates.

We further assume that each candidate ¢ attains cardinal utility u,, if assigned to family
medicine and cardina utility u,, if assigned to the hospital-based specialty. Given his
assignment f,, the utility attained by candidate ¢, can therefore be written as
u = fug +(1— fi)uHi . While the matching literature generally specifies ordinal preference

schemes, our use of cardinal utilities permits us to construct a social welfare function that
directly addresses the tradeoff between equity and efficiency. (For an exception, see (Kelso and
Crawford 1982).)

Conforming to the institutional setup in Spain, we restrict our analysis to one-sided

matching systems. In contrast to two-sided matching mechanisms (Abdulkadiroglu, Pathak et al.
2009), the residency training positions in our framework are simply passive objects. They cannot
express specific preferences for candidates, nor do their preferences enter into our normative
analysis. One-sided mechanisms have also been studied in problems of school choice (Erdil and
Ergin 2008).
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We define the private welfare function U as
N
1) U= Z\Niui
i=1

where the welfare weights w, > 0 attached to each candidate permit interpersonal comparisons

and thus capture equity considerations. We will have more to say about the construction of these
welfare weights below. Substituting our expression for each candidate’s attained utility into (1),
we get

) UZZV\Ii(fqui+(1_ fi)uHi):ifi\NiAui-'-K

i=1 i=1
N

where K = Zwi u, isaconstant term that does not depend on the assignment f . The
i=1

differentia utility Au, =u

—u,; ispositive for a candidate who prefers family medicine and

negative for one who prefers the hospital-based specialty.

Aside from its effects on private welfare, the assignment of candidates to training
positions generates external social benefits. Specifically, we assume that there is an externa
social benefit to training a physician in family medicine, and that the magnitude of the externality
varies among candidates. We define the external benefit function V as

) V=iri f

where r; measures the external benefit of moving candidate ¢, from the hospital-based specialty
to family medicine. We shall term r, the productivity of candidate ¢ to capturetheideathat it is

acharacteristic intrinsic to each candidate but varies among candidates. The most productive

candidates generate positive externalities. However, we allow for negative r, to accommodate

the possibility that transferring the least productive candidates into family medicine may
generate negative externalities.

We can now frame our problem as maximizing the external benefit V subject to a

constraint on private welfare U >U,,, where U, isaconstant. Thisisequivalent to maximize a

social welfare function of the form
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4) W=V + AU

where A >0 isalagrange multiplier. Substituting (2) and (3) into (4) gives the social welfare

function

N
) W= 2 fiv +W,
i=1

where v, =1, + Aw, Au, and W, = AK . Theterm v, captures the net welfare effect of moving

candidate ¢ from the hospital-based specialty to family medicine.

First-Best Solution

We can now characterize the first-best solution, that is, the assignment f :C — P that

maximizes the social welfare function W in (5).
Intuitively, it might seem that we could maximize social welfare simply by assigning

those candidates with the highest values of v. to the M. positions available in family medicine.

In fact, it isoptimal to work in both directions. First, identify those candidates with positive

values of v, assigning those with the highest values to family medicine and stopping if al M.

positions in that specialty are filled. Second, identify all those candidates with negative values of
v,, assigning those with the algebraically lowest values to the available positions in the hospital-

based specialty, stopping when either there are no more candidates with negative values of v, or
when al M, hospital-based positions have been filled. Third, assign those remaining candidates
with the highest values of V., even if some values are negative, to all remaining positionsin

family medicine.

More formally, we partition the set C of candidates into two mutually exclusive subsets

based on the sign of each candidate’s v . We denote C, :{c,\vi >0} and C_ :{c,\vi SO} , Where
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C.uC =C.Let N, =

C,

and N_ =|C_| denote, respectively, the numbers of candidatesin
each subset, where N, + N_ = N . Then proceed in three steps.

Step 1.1. Assign those candidates ¢ € C, with the highest values of v, to family
medicine. If this step fills all positionsin that specialty (that is, if N, > M_), then the optimum

has been attained, and the assignment of the remaining candidates will not affect social welfare

W . Otherwise (that is, if N, <M_), continueto Step 1.2.

Sep 1.2. Assign the remaining candidates ¢ € C_ with the algebraically lowest values of
v, to the subset of hospital-based positions. If this step assigns all remaining candidates (that is,
N_ < M,,), then the optimum has been attained. Otherwise (that is, if N_> M, ), continue to

Step 1.3.
Sep 1.3. Assign the remaining candidates ¢, € C to fill all remaining positionsin family

medicine.
Solongas N <M, thisthree-step procedure is superior to simply assigning candidates

with the highest values of v, to family medicine. Only when N =M (that is, the number of

candidates equals the number of positions) are the two solutions are equivalent. A trivial example

makes the point. Suppose that there arejust N =2 candidates with v, =1 and v, = -1, and that
thereare M =4 positionswith M. =M, = 2. If we smply assigned the highest values of v, to

the two available positions in family medicine, then the social welfare (absent the constant term

2
W, ) would be W = 2 f.v. =0 . But if wefollowed the above procedure, we would first assign

i=1
candidate ¢, to family medicine (Step 1). Then we would assign candidate ¢, to the hospital-

based specialty (Step 2). With al candidates assigned a specialty, Step 3 would unnecessary and
the social welfare (again, absent the constant term) would be W =1. Note that if instead we

began with only M =2 positionswith M. = M,, =1, the two procedures would indeed be

equivalent.

10
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Figure 5 provides aricher example for ahypothetical set C of N =90 candidates who
areto be assigned to aset P of 100 training positions, of which half are in family medicine and
half are in the hospital-based specialty, that is, M. = M, =50. Each candidate correspondsto a
point in the (v, Au) plane, where the subscripts i have been dropped for clarity. We have
constructed the example so that N, =35 candidates have strictly positive values of v, (that is, in
the upper right and lower right quadrants), while the remaining N_ =55 candidates with non-

positive values (the upper left and lower left quadrants). The crude correlation coefficient
between v, and Au, is-0.09.

The red-filled points represent the 40 candidates assigned to family medicine as follows.
InStep 1.1, all N, =35 candidatesin C, arefirst assigned to family medicine. Since this step

does not fill all M. =50 positions in that specialty, we continue with Step 1.2, assigning those
pointswith the M,, =50 lowest values of v, (the open pointsif Figure 5) to the hospital-based
specialty. Since this step still eaves some candidates unassigned (that is, N_ > M,, ), we continue
to step 1.3, assigning theremaining N_— M, =5 candidatesin C_to family medicine. The

example of Figure 5 shows how a central planner could take advantage of the excess supply of

training positions to allow the hospital-based specialty to crowd out family medicine.
A central planner can achieve the first-best solution only if he knows the values of v, of

each candidate. While the values of the components r,, w. and A may be ascertainable,
knowledge of each candidate’s differential utility Au, ismore problematic. Consider a candidate
¢ who would prefer to be assigned to the hospital-based specialty, that is, Au, <0 . If hehasa
sufficiently high productivity r,, he may end up assigned to family medicine. While such a

candidate would want to reveal that he preferred the hospital-based specialty, he would

nonetheless have an incentive to revea an exaggerated negative value of Au, . An analogous

argument shows that alow-productivity candidate who prefers family medicine would have an

incentive to reveal an exaggerated positive value of Au. . Accordingly, in the case where the

11
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central planner lacks information about the differential utilities Au, of the candidates, achieving

the first-best solution is not strategy proof (Satterthwaite and Sonnenschein 1981). The

breakdown of the strategy-proof characteristic in the case of cardinal utilities has been noted
previously (Pathak 2011).

Priority Mechanisms and Second-Best Solutions
In the MIR system, each candidate is ranked according to his combined performancein

the nationwide exam and his medical school grade point average. The top-ranked candidate
elects aresidency training position among al available positions, after which the second highest
ranked candidate elects a position among all the remaining positions, and the process continues
sequentially. The MIR system is thus an example of a priority mechanism, also called “seria
dictatorship” in the matching literature.

Any priority mechanism, including the MIR system, will result in an assignment

f :C — P. The question here is whether there is a priority mechanism that achieves the first-best

optimum and, if not, what is the second-best optimum among all possible priority mechanisms.

Formally, assume that the priority mechanism orders the set of candidates

C ={c,\i =1..., N} so that candidate ¢, choosesfirst, ¢, chooses second, and so forth until c,

chooses|ast. Let P, denote the subset of positions available to candidate ¢ in the priority
mechanism, where P, = P . If candidate ¢ electsposition f,, then the choice set available to

candidate ¢,, is P,, =P, —{ fi} . If thechoice set P consists solely of positionsin only one of

the two specialties, then candidate ¢ and all remaining candidates {c,,,....,c,} will haveto
choose that specialty. Otherwise, candidate ¢ will choose f, =1 if Au >0,and f =0

otherwise. To break ties, we' ve assumed that a candidate who is indifferent chooses family
medicine.

It isawell-known result in the matching literature that a priority mechanism resultsin a
Pareto-efficient allocation, provided that agents have strict preference orderings (Erdil and Ergin
2008). In our setup here, Pareto efficiency would mean that there is no other assignment

f :C — P that increases one candidate’s utility without decreasing another’s. Pareto efficiency

12
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would likewise prevail for any priority mechanism, except in cases where at |least one candidate
isindifferent between specialties. To see why, suppose that there are only two candidates and two
positions (that is, N = M =2) and that there is one available position in each specialty (that is,
M. =M, =1). Assume further that Au, =0 and Au, >0, that is, thefirst candidate is

indifferent while the second candidate strictly prefers family medicine. When candidate ¢, goes
first, he breaks the tie and chooses family medicine, while candidate ¢, will have to settle for the

hospital-based specialty. Yet reversing the order of the two candidates would increase the utility

of candidate c, without decreasing the utility of candidate c, .
However, as soon as we introduce the externality V or the social welfare weights w, , we

cannot guarantee that any priority mechanism achieves the first-best optimum of the social

welfare function W . Just as we did for the first-best optimum, we characterize the second-best
optimum among al priority mechanisms as a three-step procedure.

Step 2.1. Define C. = { c|Au = O} as the subset of candidates who would prefer family
medicine. Define C., = C. N C, asthe subset of candidates who would prefer family and
community medicine and have positive values of v,. Rank those candidatesin ¢ € C., in
decreasing order of v, so that the candidate with the highest value of v, isranked first. If this

step does not fill all M. positionsin family medicine, continue with step 2.2.

Sep 2.2. Define C, =C-C. = { clAu < 0} as the subset of candidates who would prefer

the hospital-based specialty. Place those candidates ¢ € C,, with the algebraically lowest values
of v, nextin theranking order, directly behind those already ranked in step 2.1. Let them
continue to choose the hospital-based specialty, stopping when there are no more candidates (that
is, |C,,| < M,,) or no more hospital-based training positions (that is, |C,,| > M,,).

Sep 2.3. The order of the remaining candidatesis arbitrary. If step 2.2 exhausts all
candidates who would prefer the hospital-based specialty (that is,

C.| <M,,), thenall remaining

candidates will belong to C. and elect family medicine. If step 2.2 exhausts all hospital-based

13
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positions (that is, |C,,| > M, ), then all remaining candidates will have to choose family
medicine, regardless of their preferences.

Note that in the case where |C,,| = M,, , we have allowed the least socially valued
candidates belonging to C,, to choose the hospital-based specialty until positions in that

specialty are exhausted. This forces the more socially valued candidatesin C,, to elect family

medicine by default.

In apriority scheme, candidate ¢ will choose the specialty with the higher utility so long

as he has both types of training positions available to choose from. If training positionsin only
one of the two specialties remain open, he will have no aternative but to choose the remaining
specialty. A priority scheme thus has two potential policy levers. It can identify candidates with

high values of v, who prefer family medicine and put them at the top of the ranking. It can also
identify candidates with high values of v, who would not choose family medicine and place

them far enough in the back of the ranking so that, when their turn to choose comes up, there are
no remaining slots in the other specialty to choose from.

Figure 6 exploits that same example asin Figure 5 to illustrate the second-best solution
among all priority mechanisms. In Step 2.1, the 8 candidatesin C., = C. N C, (the blue-filled
points in the upper right quadrant) are placed at the top of the ranking and choose family
medicine. In Step 2.2, al |C,,| =60 candidates who would prefer the hospital-based specialty are

ranked next, starting the candidate in C,, with the algebraically lowest value of v, who
corresponds to the points at the extreme lower left in the figure. This step fillsup all M, =50

positions in the hospital-based specialty, as represented by the open pointsin the figure (that is,
|C..|=M,,). In Step 2.3, the remaining candidates (10 blue-filled points in the lower right

guadrant and 22 blue-filled points in the upper left quadrant) elect the remaining
90— 8-50= 32 positionsin family medicine. Thus, the 10 candidates with the highest social

contribution are placed far enough back in the ranking that they are compelled to elect family

medicine, contrary to their preferences.

14
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In general, the second-best solution among priority schemes is not equivalent to the first-
best solution. A sufficient condition isthat the both thesets C.. =C.nC_and C,, =C, nC,

be empty. In that case, all candidates with positive values of v, would prefer family medicine,
while all those with negative v. would prefer the hospital-based specialty. In the (v, Au) planein

Figures 5 and 6, there would be no points in the lower right or upper left quadrants. But thisis

clearly not a necessary condition. For example, we can relax the condition that C,, =C, N C,

(the lower right quadrant) is empty, making the additional assumption that

M, <|C,_|=|C, nC], that is, there are enough candidates in the lower |&ft quadrant to cover

all the positions in the hospital-based specialty. In that case, we can first rank all candidatesin

Ce, =C. nC,, who will al choose family medicine. In the second step, we rank the candidates
in C,_ inincreasing order of v; until the hospital-based positions are exhausted.

Achieving the second-best assignment among all priority rankingsis subject to the same

problems of revelation as the first-best assignment. If a central planner has to rely upon the
candidates to reveal their differential utilities Au, , then those low-productivity candidates who

prefer family medicine will have an incentive to exaggerate their positive values of Au,.

Similarly, those high-productivity candidates who prefer the hospital-based speciaty will have

an incentive to exaggerate their negative values of Au, . Like the first best solution, the second-

best assignment is not strategy proof.

The MIR Priority Mechanism

The MIR selection system is a specific example of a priority mechanism in which the
ranking of each candidate is based upon his combined score in the nationwide exam and his
medical school grade point average. The candidate with the highest combined score goes first,
while the candidate with the lowest score goes | ast.

Historically, the design of MIR system was motivated by three key considerations. First,
the assignment mechanism was intentionally one-sided. This design element was imposed to
avoid favoritism and political connections that might arise if the residency training programs had

any say in the assignment of candidates. Second, the rank ordering of candidates was driven by a
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strong sense of vertical equity. Those who perform better should be allowed to choose first.
Third, the combined score on the national exam and medical school grade point average was a
regarded as avalid indicator of a candidate’s productivity.

Within our conceptual framework, where the social value of candidate ¢ is
V. =1, + AW, Au,, the MIR’s emphasis on vertical equity implies that a high-scoring candidate
merits a high welfare weighting w; . The MIR’s design further implies that a high-scoring

candidate has a high productivity. However, we see no convincing basis for the implicit
assumption that a high-scoring candidate who prefers a hospital-based specialty such as
neurosurgery would not be just as productive in family medicine. Thus, in our empirical

evaluation of the MIR scheme below, we shall assume that a high-scoring candidate similarly has
ahigh productivity r, in family medicine.

But these are only secondary considerations. The fundamental problem with the MIR
scheme is that the most productive candidates have assiduously avoided choosing family
medicine. As noted in Figure 3, less than 2 percent of the top half of the ranking chose family

medicine. While high-scoring, high-ranked candidates may indeed have high valuesof r, and w, ,
they clearly have negative values of Au, .

Figure 7 illustrates how a MIR priority mechanism would operate on the illustrative data
in Figures 5 and 6. For simplicity, we have calculated each candidate's productivity as

=V, —Au , assuming that A =w, =1 , and then ranked candidates according their imputed
values of r,. The resulting correlation coefficient between r; and Au, is-0.63.2 The blue-filled

points show the candidates assigned to family medicine, while the open points show those
assigned to the hospital-based specialty. The five top-ranked candidates are labeled 1 through 5,
while the five bottom-ranked candidates are labeled 86 through 90.

All candidatesin theright lower quadrant (that is, C,,, = C, nC,) areranked high

enough that they can exercise their preference for the hospital-based specialty until that specialty
isfilled. Moreover, al candidates in the upper quadrants (that is, C. ) get to exercise their

2In our empirical analyses below, we will instead impute both r. and w, directly from the candidates’ scores.
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preference for family medicine. The remaining 10 candidates (the filled points in the left lower

quadrant) with low values of v, are forced to elect family medicine contrary to their preferences.

Thus, in contrast to the second-best priority mechanism, the MIR solution may assign the most
productive candidates to the hospital-based specialty, while the least productive may end up in

family medicine.

Supply Restriction

Intuitively, it might seem that a sel ective reduction in the number of hospital-based
positions would increase welfare, as more candidates would be shunted into family medicine.
But thisis not necessarily the case. In the implementation of the first-best solution or the second-
best priority mechanism, the hospital-based specialty essentially serves as areservoir for

candidates with low values of V.. Selective restriction of the hospital-based specialty may reduce

the size of this reservoir, and thus reduce welfare. In the MIR priority mechanism, where the
highest scoring, most productive candidates are also the highest ranked, the selective restriction
of hospital-based training positions will not necessarily increase welfare either. Among those
candidates who would otherwise prefer the hospital-based specialty, the restriction will force
only the least productive into family medicine once the hospital-based specialty runs out of
places.

Such supply restrictions operate only at the extensive margin. This point isillustrated in
Figure 8, which shows the effect of imposing supply restrictions upon the MIR solution. The
green filled points show the candidates assigned to family medicine under the MIR solution of
Figure 7. The additional 10 yellow filled points show those candidates whose assignments are
switched from the hospital-based specialty to family medicine when the number of hospital-
based positions is reduced from M, =50 to M,, =40.

The supply restriction illustrated in Figure 8 resulted in areduction in the total number of
positions M from 100 to 90. As aresult, the total number of positions equaled the total number
N of candidates. More severe supply restrictions, which result in fewer positions than candidates
(thatis, N> M), can aso beincorporated into our conceptual framework. Appendix A provides

the details.

17



Allocation of Specialty Training Positionsin Spain 3-Feb-2014

Random Ordering

In contrast to supply restrictions, random ordering of candidates will operate at the
intensive margin. Thisisillustrated in Figure 9, which is based on the sameillustrative dataasin
the previous Figures 5 through 8.

If we regard the MIR priority mechanism as our point of reference, a policy of random
ordering can entail a considerable loss of private welfare. In our illustrative analyses of the MIR
system in Figure 7 and the MIR system with supply restrictionsin Figure 8, we set the welfare
weights w, =1 for simplicity. But in practice, the MIR system was motivated by the vertical

equity notion that the highest performing candidates deserved to choose first. Thiswould imply a
strong correlation between the productivity r, and the welfare weights w,, which would amplify

the private welfare losses resulting from random assignment.

The notion of vertical equity that underlies the MIR ordering based on a candidate’'s
combined score is closely related to the concept of “justified envy” (Pathak 2011). Suppose that
candidate ¢, getsto choose atraining position before candidate ¢, does. We say that candidate

¢, has*“justified envy” of candidate c, if the candidate ¢, would derive higher utility from the
other candidate’s assignment f, than hisown assignment f,. For all priority mechanisms, there

are no such pairs of candidates that exhibit “justified envy.” However, if we maintain the MIR

ranking as our point of reference and then change the ranking to random ordering, then the new

assignment does exhibit justified envy with respect to the origina MIR ranking. In other words,
if candidate c, got to choose atraining program before candidate ¢, under the original MIR

ranking and, as aresult of arandom ordering policy, candidate ¢, would derive higher utility
from the other candidate’s assignment f, than hisown assignment f,, then thereisjustified envy

with respect to the origina MIR ranking. Our use of welfare weights that reflect the original

ranking capture this notion.

Policies to Change Utilities

Consider a public policy variable X that influences candidates' preferences for different

specialties but not their productivity. Without loss of generality, we assume that ug, (X) isstrictly
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increasing function of X, while u,,, doesnot depend on X . Asaresult, Au (X) isasoan

increasing function of X . We can therefore write the total social welfare function as

®  W(X)=1(X)v(X)+W,-C(X)

i=1
where v, (X)=r, + Aw, Ay, (X) and C(X) isthe cost of implementation as afunction of X . In
contrast to policiesto restrict supply, changesin X operate at the intensive margin, affecting the
differential utility values Au, of all candidates. We write f. (X) because changing attributes will

change the choices of some candidates under a priority mechanism.

Even if the differential utility Au,(X) isanincreasing function of X, it is nonetheless

possible that an increasein X could make some candidates worse off. Again, consider the MIR

ranking with specific values X = X, to be the reference case. Suppose that the top-ranked
candidate ¢, elects a hospital-based specialty (that is, Au,(X,) <0). Thischoiceleavesa
position open in family medicine for alower-ranked candidate c , who in fact prefers that
specialty (that is, Au, (XO) >0). With asufficiently large increasein X, the top-ranked candidate

¢, switchesto family medicine, thus excluding the lower ranked candidate ¢, from that specialty

and forcing him instead to choose the hospital-based specialty. As aresult of the increased
attractiveness of family medicine, the higher ranked candidates crowd out the lower ranked

candidates, who wanted residenciesin family medicine in the first place.

4. Data

Our principal database consisted of the individual assignmentsto residency training
programs for all candidates participating in the 2011-2012 MIR nationwide competition (for
short, the “2012 MIR registry”). This database was provided by Spain’s Ministry of Health,
Social Services and Equality. For each candidate, the registry contained: the candidate’s national
ranking (an ordinal number ranging from 1 up to the total number of participants); the residency

program chosen (including medical specialty and training center); the candidate’s residential
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postal code, sex, nationality, grade point average in medical school, and medical school attended,
including foreign medical schools.

In the 2012 MIR competition, atotal of 231 training centers offered residency positions
in one or more of 44 specialties.3 For hospital-based specialties, such as cardiology, neurology
and urology, these training centers were located in 181 different hospitals. For non-hospital based
specialties, such as family and community medicine, occupational medicine, public health, and
some psychiatry training programs, we grouped the training centers according to 50 provinces
throughout the country.

Together, these training centers offered atotal of 2,527 distinct residency training
programs, classified by specialty and center. With each residency training program offering
multiple positions, there was a grand total of 6,555 available residency positions nationwide.
Among these, 1,860 (28.4%) were residency positions in the specialty of family medicine.
Initially, atotal of 11,713 medical graduates passed the MIR exam in order to be eligible to opt
for one of the 6,555 training positions. Of these candidates, 5,158 (44.0%) withdrew from the
competition without choosing a residency, in many cases because their test score was so low that
they had no chance of choosing their desired specialty or training center. That left 6,555
candidates for exactly as many training positions. A total of 1,716 (26.2%) of these participating
candidates were foreign nationals.

We supplemented the 2012 MIR registry with additional data on the characteristics of the
231 training centers. These included information on hospitals’ bed capacity and high-technology
facilities, derived from the official National Catalog of Hospitals of Spain 2011. We also used
Google Mapsto create a 50 x 50 matrix of travel times between the capital of a candidate’s
province of residence and the capital of the province in which each training center was located.

We matched the 2012 MIR registry database with two cross-sectional surveys specifically
constructed for this research project. The first was a survey of studentsin their final semester of
medical school in Spain, administered in April 2011 (Harris, Gonzalez L opez-Valcarcel et al.
2013). This survey provided us with the perceived values of seven key attributes of each

3 While the Ministry of Health authorizes atotal of 47 specialties, we excluded the school-based specialties of
forensic medicine, sports medicine, and medical hydrology, which together accounted for only 149 candidatesin the
2012 MIR competition. Rather than receiving salaries as medical residents, trainees in these three specialties pay
tuitions to attend a professional school. They ranked at the bottom in the MIR competition.
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specialty, as described in Appendix B, Table B1. These included: the probability of obtaining
employment (X1), favorable working hours and working conditions (X2), recognition by patients
(Xs), prestige and recognition by colleagues (X4), possibilities for advancement and professional
development (Xs), average annual remuneration (Xs), and percentage of income derived from
private practice (X7). Among these attributes, we placed particular emphasis on professional
prestige (X4) and outside income from private practice (X7). There is good evidence that
professional prestige is an important driver of the decision not to pursue a career in primary care
medicine, independent of income (Kolstad 2013). Moreover, in a nationalized healthcare system
such as Spain, where employed physicians receive salaries negotiated through collective
bargaining, the extent to which a physician can engage in outside private practice is a superior
proxy for earnings (Harris, Gonzalez Lopez-Valcarcel et al. 2013). As a measure of earnings,
outside income is more orthogonal to the other specialty characteristics than total earnings.

The second cross-sectional survey (for short, the “2012 post-MIR survey”) was
performed in May 2012 on those candidates who had just been assigned to residency positionsin
the 2012 MIR competition. These candidates belonged to the same cohort that answered the first
survey as medical studentsin 2011. We asked them not only about their actual specialty/center
selection, but also about their preferred choice if they had been ranked first in the competition.
We refer to the latter as a candidate’s counterfactual choice. This survey aso included questions
on gender, medical school, distance from home to the assigned residency training center,
previous participation in prior MIR competitions, as well as respondents’ motivations for their
current specialty/center selection. With our assurance of anonymity, respondents to this survey
voluntarily provided their e-mail addresses, which permitted us to merge their responses with the
principal database. We thus had additional data from this survey on 3,432 (or 52.4%) of the
6,555 candidates in the 2012 MIR registry. In our econometric models, to be described in Section
5 below, we dropped observations with missing values, leaving an estimation sample of 6,254
MIR candidates, of whom 3,189 could be matched with the survey database. Of these, atotal of
3,117 had also answered the counterfactual question on their preferred specialty and training
center.

Table 1 displays comparative statistics for the 2012 MIR registry and the 2012 post-MIR
survey, including tests for comparison of group means. While there were no significant

differences according to Spanish nationality or gender, those candidates responding to the post-
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MIR survey performed better on the national exam and tended to choose positions closer to their
residence.

For the 3,117 candidates with complete data in both databases, Table 2 compares the their
actual specialty choicesin the MIR competition with their counterfactual ones. For a highly
preferred specialty with alimited number of training positions, such as plastic surgery, only a
small fraction of candidates were assigned to their preferred choices. By contrast, virtually every
one of the candidates who preferred family medicine was assigned to histop choice. Those
candidates who preferred cardiology, dermatology and plastic surgery tended to have high MIR
rankings, so that few ended up assigned to family medicine.

In our analysis of the 2012 MIR registry, the dependent variable was the training program
actually chosen by each candidate. In the 2012 post-MIR survey, the dependent variable was the
training program that the candidate would have made if he had been top ranked (the
counterfactual choice). In both analyses, the explanatory variables included the seven key
attributes of the specialty; the characteristics of the training center (number of beds, and
availability of positron emission tomography (PET) in the affiliated hospital); the characteristics
of the candidate (gender, MIR ranking and nationality) interacted with the seven specialty
attributes; the distance from the candidate’s residence to the training center, measured in minutes
of travel time between provincial capitals, and an indicator variable equal to 1 if the candidate’s
residence and the training center were located in the same province. The complete list of

explanatory variablesis shown in Appendix Table C1.

5. Discrete Choice Modeling

Our estimation strategy was based upon a conditional logit model with random
parameters, also called the “mixed logit model” (McFadden and Train 2000, Train 2009). To
anayze the datafrom the 2012 MIR registry, we modified the model specificaly to take into
account the endogeneity of the choice set available to each candidate as his turn came up in the
MIR sequence. We used the results of this model to simulate the policy options described in
Section 6.

We also applied the mixed logit model to our 2012 post-MIR cross-sectional survey. In
that case, respondents were asked to designate their preferred specialty under the counterfactual
assumption that they had been ranked first, and therefore all candidates had the same, complete
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choice set. We used the results of this model to test the validity of the axiom of Independence of
Irrelevant Alternatives (I11A), as described bel ow.

Generalizing the notation of Section 3 above, welet P :{ pj’j :L...,M} denote the set

of distinct residency training programs, each identified by a particular specialty and location, and

let m, denote the total number of training positions availablein program p, . Let
C :{c, \i =1..., N} denote the set of candidates participating in the MIR sequential assignment

process.
We first consider estimation of the mixed logit model with an endogenous choice set. We

assume that the candidates are already ordered so that candidate ¢, isfirst to elect atraining
program, while candidate c,, islast. Let P denote the set of distinct residency training programs

available to candidate ¢; whenitishisturn to elect aprogram, and let m; denote the number of
remaining unassigned positionsin training program p; availableto candidate ¢ when histurn

comes up. Since the top-ranked candidate ¢, can choose any program, we have P, =P and

my; =m,. If candidate ¢ chooses aposition in training program p; , the number of positions
available in that training program is decremented by 1, that is, m,;; =m, —1, while the number
of positions available in al other training programs remains unchanged, that is, m,,, = m, for

al k= j.If candidate ¢, choosesthe last available slot in training program p;, that is, m; =1,

then P, =P —{ pj} and that training program is dropped from the choice sets P_,,P.,,... of al

i+1r T i+21°

remaining candidates.

Let y. denote the training program chosen by candidate c . Given the unobserved

parameter vector 3, the probability that candidate ¢ chosestraining program y, = p; € B, is

given by the logit model
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X B
(7) Pr{yi = pj |Xij7ﬁ} :ﬁ = Lij (ﬁ)

pkeR
where X;; isavector of observed characteristics that candidate ¢ associates with program p; .

Some elements of X;; may depend only on the specific training program and not on the

candidate, such as the particular specialty or the facilities of the training center. Other elements

may depend on both the program and the candidate, such as the distance of the candidate’s home
province from the training center. Included in the latter category are interactions between a

candidate’s characteristics (e.g., gender, nationality) and a program’s characteristics.
We further assume that the vector of unobserved parameters  has a multivariate normal

distribution

1, % ~ N(,X) with density function <p(,8| u,Z) . To simplify the notation, we let
0= (u,Z) . Conditional on 6, the probability that candidate ¢, choses training program

Y, = p, € B, istherefore given by*
©®  P{y=p|x.0}=]L,(B)o(Bl6)dB=L,(6)
As noted by (Train 2009) and others, the parameters 6 =(u, %) can be estimated by

maximum likelihood, where the integral in (9) can be computed by simulation. Let 6 denote the

maximum likelihood estimate of 6, and consider a specific candidate ¢ . Given his selected

program V., the characteristics X, , and the estimate 9, the posterior density of 3 isgiven by

1]

9) g(myi _ pj1Xijaé): L; (f)ﬁ:{ﬁ‘@)

1

41n (7) and (8), we have intentionally overloaded the notation L, (), where L, () refersto the logit probability
conditional on B, while L, (6) refersto the probability conditional on 6.
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We employed the mixlogit routine in Stata to estimate 0 viamaximum likelihood

(StataCorp 2013). We imposed the additional restriction that covariance matrix X take the

diagonal form 2:diag(af,...,o,i,o,...,o),Wheretheonlyfirst K elementsof B were assumed

to be random. In our subsequent simulations, to be described in the next section, we used the

mi x| beta post-estimation routine (Hole 2007) to compute for each candidate ¢ the posterior

mean value of S in (10), which we denote by ,Bi .
To analyze the 2012 post-MIR survey data, we assumed that each respondent made his
counterfactual choice of preferred residency training program from the entire choice set

P :{ pj‘ j=1..., M} . Given the unobserved parameter 3, the probability that candidate c

preferred training program y, = p; € P isgiven by the logit model

X; B
(10) Pr{yi = pj|Xij7ﬁ}:ﬁ:Lii (ﬁ)

pceP

Given 6 =(u,X) , the probability that candidate ¢, preferred training program y, = p, € P is

given by the same mixture of conditional probabilities shown in (8).

Application of the mixed logit model to the two different databases — the 2012 MIR
registry and the 2012 post-MIR survey — permitted us to test the axiom of Independence of
Irrelevant Alternatives (I1A) that isimplicit in the logit model (8). In particular, for the 3,117
candidates who were represented in both databases, we compared the estimates 6 derived from
the 2012 MIR registry with those derived from the 2012 post-MIR survey. In the former case, the
estimates are based on restricted choice sets P dictated by the candidates’ MIR ranking, whilein

the latter case, the estimates are based on the complete choice set P of all training programs.

6. Simulation Strategies

In order to compare the impact of aternative public policies on private and social
welfare, we used a simulation strategy based on the mixed logit model estimated from the entire
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2012 MIR database. In each of the following scenarios, we used the estimated model parameters

Bi for each candidate ¢, to predict his choice of training program from set of available programs
P, proceeding sequentially from the first-ranked candidate c, to the last candidate c,, . In effect,

each ssimulation constitutes a realization of the MIR sequential selection process under different
conditions, as determined by alternative public policies.

Scenario 0 (Baseline): We simulated the MIR sequence based upon the original 2012
ranking, as determined by candidates' combined scores on the nationwide exam and medical
school grade point average. We left the supply of training positions and candidates’ preferences
unchanged. This baseline case served as our reference for comparison.

Scenario 1 (Random Assignment): We simulated the MIR sequence based upon the
random ranking of candidates, rather than the actual 2012 ranking, leaving the supply of training
positions and candidates’ preferences unchanged. Specifically, we drew a pseudo-random
number from a uniform distribution for each candidate, and then assigned to each candidate his
resulting rank order statistic. We then ran 100 simulations of the MIR selection process, each
time drawing a new random ordering of candidates.

Scenario 2A (Concentrated Reduction in Supply): We maintained the origina MIR
ranking as well as the candidates' preferences, but reduced the total number of training positions

by 20%, eliminating those training programs p; with the fewest number of training positions
m; . This case was entirely deterministic with no random component, and was thus simulated

once.
Scenario 2B (Generalized Reduction in Supply): We maintained the original MIR ranking
and candidates’ preferences, but reduced the total number of training positions by 20%,
eliminating positions at random from all training centers. To that end, we assigned to each
training position a pseudo-random number from a uniform distribution, and then eliminated
those training positions in the lowest 20% of the distribution. We then ran 100 simulations of the
MIR selection process, each time randomly eliminating a different subset of training positions.
Scenario 3 (Upgrading Family and Community Medicine): We maintained both the
original MIR rank ordering and the supply of training positions, but varied the prestige and
remuneration of family medicine as a specialty. Specifically, we repeatedly ssimulated the MIR
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selection process for an array of different values of X4 (professional prestige) ranging from O to
10 in increments of 0.5, and of X7 (percentage of compensation derived from private practice)
ranging in value from 0 to 100 in increments of 5. As noted in Appendix Table B1, the baseline

valuations of these attributes for family and community medicine were X, = 3.92 on a 10-point
scaleand X, =13.2 on a percentage scale. For all remaining specialties combined, the
corresponding baseline valuationswere X, =6.30 and X, = 39.3.

We refer to scenario 0 as the baseline scenario, while the remaining four scenarios as

alternative policy scenarios.
For each of the above scenarios, including the baseline scenario, we computed an

N
external benefit function, V = %Zr f., normalized by the number N of candidates, where
i=1

f. =1 if and only if candidate ¢, isassigned to family medicine, and where the candidate’s
productivity r, was computed as a linear function of a candidate’s MIR ranking. Specifically, let
the candidate ¢, with the highest MIR score haverank R =1, while the candidate with the
lowest scorehasrank R = N . We specified r. = R, — R +1, so that the top-ranked candidate has
aproductivity of r, = R, while the lowest ranked candidate has a productivity of r, =1.

For each scenario, including the baseline scenario, we also computed two private welfare

. 13 -1 .
functions, U = NZri u and U = NZFui , Where u, = max{uij} represents the maximum
i=1 i=1 !

utility attained by candidate ¢, among all training programs p; availablein his choice set. In

our formulation of U, we adhered to the notion of vertical equity inherent in the MIR scheme

and set the welfare weights equal to the candidate’s productivity, that is, w, =r; for all

i =1,...,N. By contrast, in our formulation of U , we assumed equal welfare weights w, =T,

N
where T = %2 . isthe mean productivity. We shall call the former productivity-driven weights

i=1
and the latter homogenous weights.
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For each alternative policy scenario s=1, 2A, 2B, 3, we then computed the differences

9~ Vio)» AUy =Uy =Y, and AUy =U 4 U, , where the subscriptsin parentheses

refer to scenarios and where the subscript (0) refers to the baseline scenario.

Finally, we displayed the results of simulations as scatterplots, in which each individual

candidate ¢ corresponded to asingle point in the plane. For each scenario s=0,1, 2A, 2B, 3,

including the baseline scenario, we graphed the candidate’s maximum attained utility Uy Versus

hisorigina MIR ranking R . Then, for each alternative policy scenario s=1, 2A, 2B, 3, we

graphed the change in the candidate’s utility Au,y =u, — U, from the baseline versus his

original MIR ranking R .

7. Results: Discrete Choice Models

We estimated discrete choice three models, which we designate as |, 11 and 111,
respectively. The complete results are reported in Appendix Table C1. Model | covered the 6,254

candidates in the 2012 MIR registry who had complete data for all variables. The dependent
variable was the training program actually chosen by each candidate in the 2012 MIR

competition, while each candidate’'s choice set consisted of those training programs still available
when his turn came up in the MIR sequence. Model 11 was areplication of Model | restricted to

the subsample of 3,117 candidates who fully responded to the 2012 post-MIR survey. Model 111
covered the same subsample of 3,117 respondents to the 2012 post-MIR survey, but with the

counterfactual dependent variable — namely, the training program each candidate would have
chosen if he had been ranked first. Each candidate’s choice set consisted of al available training

programs.
In each of the three models, we permitted only a subset of the explanatory variables to

have random coefficients. The estimated mean values of the coefficients of all explanatory

variables are listed in the upper portion of Table C1 under the heading “Mean ( [J) " while the
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estimated standard deviations for those explanatory variables with random coefficients are listed

in the lower portion under the heading “ Standard Deviation (o) .” 5

Model 1: 2012 MIR Registry

Model | correctly predicted 34 percent of the specialty choices of the 6,254 candidates.
However, with respect to the choice of family and community medicine, the concordance
between observed and predicted was 90 percent. In Modél |, all location-related variables and
hospital characteristics were highly significant and had the expected signs. Distance thus imposes
a cost that candidates took into account in their decisions, while remaining in one's province of
residence conferred an additional positive component to a candidate’s utility.

In Model [, all specialty attributes had significant coefficients except for annual
remuneration (Xs). When normalized by their sample standard deviations, three attributes had the
largest quantitative effects: the probability of obtaining employment (Xy1), prestige among
colleagues (X7), and the percent of compensation earned in private practice (X7). Moreover, three
attributes displayed significant variability among candidates, as indicated by their estimated
standard deviations: the probability of obtaining employment (X1), the recognition by patients
(X3) and the percent of compensation earned in private practice (X7).

With respect to interactions between specialty attributes and the characteristics of the
candidates, Spanish nationals valued the probability of obtaining employment (X1) more than
foreign candidates. Higher-ranked candidates (with lower absolute values of R ) valued this

attribute more than lower-ranked candidates. Women, foreign candidates and |ower-ranked
candidates placed more value on prestige among colleagues (X4) than their counterparts. Women,
Spanish nationals and higher-ranked candidates attached more value to income from private

practice (X7) than their respective counterparts.

Models Il and I11: The 2012 Post-MIR Survey
In Appendix Table C1, none of the estimated coefficients of Model |1 differed

significantly from those of Model |, afinding that points to the absence of selection bias among

5 The decision as to which explanatory variables had random coefficients was empirically based. We first estimated a
more general model in which all explanatory variables had random coefficients, and then restricted the random
coefficients of the explanatory variables to those with significant standard deviations at the 5% level.
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those who responded to the 2012 post-MIR survey.6 Both Models |1 and |11 correctly predicted
31 percent of the specialty choices of the 3,711 candidates. With respect to the choice of family
and community medicine, the concordance between observed and predicted was 87 and 98
percent for Models 11 and 111, respectively.

In Model 111, each candidate’s choice set corresponded to all available training positions
nationwide. In Model 11, by contrast, each candidate’s choice set was restricted to those training
positions available when his turn came up in the MIR competition. Comparison of the parameter
estimates of the two models thus constitutes atest of the axiom of the Independence of Irrelevant
Alternatives.

In Appendix Table C1, 25 out of the 33 estimated coefficients showed no significant
difference between Models Il and I11. Among the 8 coefficients with significant differences, two
notable instances were the number of positions available in the training program, and the
interaction between Spanish nationality and the probability of obtaining employment (X1). While
the size of the training program had a positive effect in both Models |1 and 111, it mattered even
more when a candidate’s choices were restricted by his rank ordering in the MIR scheme (Model
I1). For Spanish medical graduates, job security likewise mattered significantly more when a
candidate’s choices were restricted (Model 11).

In Table 3, we compare the coefficient estimates derived from Models 11 and 111 for all
interactions between the seven medical specialty attributes (X; through X7) and the candidate’'s
MIR ranking. In Modél 111, where there were no restrictions on choice, a candidate’s ranking in
the MIR scheme functioned solely as a proxy for his skill and productivity. In our econometric
model, MIR ranking was defined so that lower ranked candidates with inferior national exam

scores and poor medical school grades had higher values of R, while the top-ranked candidate
had aMIR ranking of R =1. Accordingly, the primarily negative signs of the coefficientsin

Model 111 imply that the more qualified candidates actually attached greater value than their less

productive counterpartsto all specialty characteristics except recognition by patients (Xa).

6 Comparison of coefficients was based on the Z-stetistic: Z = (bI -b, ) / \/S +s ,where b, and b, arethe

estimated parameters from the two models, while s, and s, are their respective standard errors.
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In Model 11, where a candidate’'s MIR ranking served not only as a proxy for a
candidate’s qualifications but also as a determinant of his choice set, the coefficients of the
interaction terms were generally reduced in absolute value or even lost statistical significance. In
the case of prestige among colleagues (X7), the coefficient was actually reversed. Less qualified
candidates, once they were compelled to choose among the slim pickings available to those at the
bottom of the MIR rankings, valued prestige among their colleagues even more than their top

ranked counterparts.

8. Results: Simulations

Table 4 summarizes the main results of our simulations, including the criterion functions

AV, AU, and AU . In addition, for each scenario s=0,1, 2A, 2B, 3, including the baseline

scenario, Figures D1-D5 in Appendix D plot the maximum utility Uy attained by each of the

6,255 MIR candidatesin relation his original MIR ranking R . For each alternative policy

scenario s=1, 2A, 2B, 3, Figures 10-13 plot the change in utility Au, =uy U, fromthe

baseline in relation to the candidate’s original MIR ranking R . For scenarios 1 and 2B, which
required multiple replications, we plot the results of one of the draws as an illustration.

For each of the alternative policy scenarios s=1, 2A, 2B, 3, Table 4 shows an

improvement in the external benefit V(S) compared to its baseline value V(O) . The improvement
was largest for policy scenario 3 (Upgrading Family and Community Medicine).
In Table 4, random assignment of candidates (scenario 1) improved the welfare criterion

U so long as we used homogeneous weights. With the use of productivity-driven weights,

however, the criterion function U diminished markedly. In Figure 10, the bottom ranked

candidates with high values of R experienced utility gains, while the top ranked candidates with
low valuesof R experienced utility losses. Asindicated by the blue pointsin the figure, alarge

proportion of these top ranked candidates were compelled to elect family medicine when they
were randomly placed at the back of the queue. Accordingly, when interpersonal comparisons are
based on the notion that the most talented medical students deserve to make their specialty
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choicesfirst, the random assignment policy results in a substantial offsetting equity loss. The
narrow credibility intervals of the criterion functions for this policy indicate that variations in the
specific random ordering of candidates would not alter this conclusion.

Policies intended to reduce the supply of training positions (scenarios 2A and 2B)

resulted in modest improvements in the external benefit indicator V , but substantial welfare

losses for both the homogeneous (U) and productivity-driven (U) criterion functions. As shown

in Figures 11 and 12, all candidates incurred lossesin utility asaresult of restrictionsin their
available choices, while those candidates who were excluded from any training position incurred
asubstantial utility losses. The improvementsin V arose from the fact that some candidates at
the margin were compelled to choose family medicine. In Table 4, the narrow credibility
intervalsin the row corresponding to alternative policy 2B indicate that variations in the specific

training positions to be excluded would not ater these conclusions.
Upgrading family and community medicine (scenario 3) was the only policy with the

potential for improvements in both equity and efficiency. Table 4 shows the effects of a policy
that would increase both Xa (prestige among colleagues) and X7 (proportion of income earned in

private practice) from the current mean values for family medicine to the mean values of al
other specialties. Figure 13 shows improvements in utility among top ranked candidates who

have now elected family and community medicine for its superior attributes. In the figure, 11
percent of the candidates experienced anet lossin utility compared to the baseline scenario, that

IS, AU,y = U — U <0. Nearly all of these candidates had chosen family medicinein the

baseline scenario. They were deprived of their preferred specialty choice—or, in afew cases,
thelir preferred training location — once family medicine became more attractive to the top ranked

candidates.
Figures 14 and 15 plot the simulation results for different combinations of X4 and X7. The

yellow-filled point in each figure corresponds to X4 = 6.30 on a 10-point scale and X7 = 39.3 on a
percentage scale, which were assumed in Table 4, while the intersection of the solid horizontal

and vertical lines corresponds to the status quo, where A\/(s) = AU(g) =0. Thefiguresillustrate

the tradeoffs between the two attributes in attracting candidates to family and community
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medicine. For example, to achieve approximately the same external benefit criterion AV(3) =859
and the same productivity-driven welfare criterion AU, = 3835 asin Table 4, we could have

selected the alternative values X4 = 7.4 and X7 = 25 percent. This gives alocal marginal rate of
transformation equal to —(25-39.3)/(7.4 - 6.3) =13 percentage points of income from private

practice for every 1 point on a 10-point scale of prestige among colleagues.

9. Discussion and Conclusions

We modeled Spain’'s MIR system of assigning residency training positions as a one-sided
matching mechanism based on priority rankings, also called “serial dictatorship.” Within this
theoretical framework, we formulated a socia welfare criterion that explicitly took account of
the tradeoff between two key components: the external social benefit of having highly productive
candidates elect aresidency in family and community medicine; and the vertical equity gains
from permitting the most productive candidates to have the highest priority in choosing atraining
program. We compared the MIR system to the optimal allocation of residency positions, as well
as the second-best among all sequential allocation mechanisms. We theoretically characterized
aternative policies for improving the MIR allocation, including random ranking of candidates,
restrictions on the supply of residency positions, and improvements in the perceived attributes of
family and community medicine.

We then applied our theoretical framework to real data. We formulated and estimated a
multinomial logit model with random coefficients to capture the preferences of candidates
participating in the 2012 MIR competition. We then used the estimated parameters of this model
to simulate the effects of aternative public policies. We found that random ranking of candidates
(policy scenario 1) resulted in arelatively small increase in the external social benefit of training
highly productive candidates in family medicine, but at the same time a substantial equity |oss.
Moreover, policies aimed at reducing the number of training positions (scenarios 2A and 2B)
improved the external social benefit at the extensive margin, but likewise resulted in a substantial
loss of welfare, as candidates at the bottom of the MIR ranking were locked out of any training

position at al. By contrast, policies that increased two key attributes of family medicine —
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professional prestige and compensation from private practice — increased the external social
benefit at the intensive margin without any countervailing loss of welfare.

The four scenarios that we considered do not necessarily cover the full range of available
policy options, but they do reflect realistic choices given current political constraintsin Spain.
We selected policies scenarios 2A and 2B, in particular, because the Spanish government has
already made a decision to reduce the total number of residency training positions as part of
cutbacks in response to the financial crisis. We chose policy scenario 3 to capture arange of
recent proposals to fundamentally change the nature of work of primary care physiciansin Spain
(Gonzalez Lopez-Valcarcel, Barber Perez et a. 2011). In modeling fundamental changesin the
perception of family and community medicine, we focused on two key attributes: prestige among
colleagues (X4), and the proportion of income derived from private practice (X7). In addition to
job security (X1), these factors had been identified as critical in medical school students
assessments of careersin alternative specialties (Harris, Gonzalez Lopez-Valcarcel et al. 2013).

We chose policy scenario 1 (random ranking of candidates) not because it is currently
politically feasible, but because it serves as an important theoretical benchmark. Our empirical
finding that random ranking resulted in a substantial equity loss serves as a cautionary note to the
general perception that “random serial dictatorship” and its variants necessarily result in fair
allocations (Budish, Che et al. 2013). Random assignment may be regarded as extremely unfair
when there is a strong perception that rankings should be based on merit, performance or similar
criteria.

Among the policy aternatives that we did not consider is a secondary market, where
subsets of candidates could mutually trade residency positions after the completion of the formal
assignment process. This possibility isrelated to Gale's “top trading cycles’ agorithm (Shapley
and Scarf 1974). Even more radical would be a pre-MIR market, in which candidates with high
exam scores could sell their rankings to those at the bottom and then take the national exam the
following year. This practice —which we might call “I sell my turn” — bears a resemblance to the
decision to give up one's reserved seat on an airline flight in return for compensation and a later
reservation.

For the subset of MIR candidates who responded to our 2012 post-MIR survey, we
compared the results of a multinomial logit model with constrained choice sets (Model 11) to the

same model specification with unconstrained choice sets (Model [11). This comparison allowed
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usto test for violations of the axiom of Independence of Irrelevant Alternativesin a manner
different from that described by Berry and colleagues, who had data on consumers' first and
second choices of automobiles (Berry, Levinsohn et al. 2004). Our approach of restricting choice
sets resembles that of Machado and colleagues, who used the revealed preferences of MIR
candidates to make inferences about the relative quality of hospitals' training programsin Spain
(Machado, Moraet al. 2012). It differs from that of Timmins and Murdock, who addressed the
problem of congestion in travel cost models by modifying the specification of the utility function
(Timmins and Murdock 2007).

We found, in particular, that the interaction between MIR ranking and prestige among
colleagues (X4) reversed sign in the counterfactual scenario, while the interaction with the
proportion of income from private practice (X7) did not (Table 3). Under the constraints of the
MIR system, those candidates near the bottom of the ranking attached more importance to
prestige, while in a counterfactual world without such constraints, those near the top attached
more importance to this attribute. In the real world where the highest scorers go first,
professional prestige becomes a marker of exclusivity that is desired by those with fewer options.
In a counterfactual world without any restrictions on choice, professional prestigeis desired
solely by those with the best qualifications. In essence, restricting choice creates an externality in
which those at the bottom, who have fewer choices, want what those at the top already have
(Bikhchandani, Hirschleifer et a. 1992).

The possibility that a candidate’s ranking in MIR priority mechanism itself influences his
underlying preferences would complicate our analysis of public policies such as random ranking.
In effect, our simulations are designed to capture local effects, in which policies do not change

candidate’s underlying preferences, as embodied in the parameters 3, but only the explanatory
variables (X,Z) in our choice model (equation 7). It is conceivable that changes, for example, in

the organization of family and community medicine may result in global changes in candidates

preferences.
Our study has a number of important limitations. First, we measured the two key

components of our social welfare criterion, namely, the external benefit V and the private

welfare U . But we had no obvious strategy for identifying the multiplier A in the overall social

welfare W =V + AU . Rather than speculating about alternative values of A4, we chose simply to
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display the two key components separately (Table 4). Nonetheless, we believe that the

comparisons are so stark that effortsto identify A through surveys of physicians and

policymakers would add little.

In our calculations of the welfare effects of restrictions in supply (policy scenarios 2A
and 2B), we arbitrarily assigned a utility u, =0 to each candidate who was excluded from any

residency training program. This assumption of “no life outside MIR” ignores any residual utility
from serving as a non-physician. Nor does it account for the possibility that an excluded
candidate could again apply for aresidency position the following year. Again, we believe that
our comparisonsin Table 4 are so stark that efforts to identify the residual utility are unlikely to

influence our conclusions.

In our simulations, we used the posterior mean values of the coefficients Bi , based on the

posterior density function given in equation (9) above. In asimulation study of school choice,
Hastings and colleagues adopted a similar strategy (Hastings, Kane et al. 2010). Since we did not
simulated repeated draws from the posterior density, the results reported in Table 5 understate the

degree of uncertainty in our results.”
In our simulations, we used each candidate’s ranking as a proxy for his productivity r, . It

is arguable that scores on a national exam and performance in medical school are unreliable
indicators of long-run productivity, and therefore don’t merit inclusion in our calculation of the
external benefit V from assigning candidates to family and community medicine. The available
evidence, however, suggests that one's score on a national exam taken during medical school isa
stable, reliable indicator of productivity over the long run (Epstein, Nicholson et al. 2013).

In our analysis of policiesto upgrade family and community medicine, we focused
sharply on prestige among colleagues (X4) and the proportion of income from private practice
(X7). Weignored total remuneration (Xe), which in fact had a borderline significant negative sign
in Model | (Table C1, P = 0.075). Spanish medical students appear to have limited quantitative

7We did not adopt the procedure suggested by Revelt and Train (2000), where the conditional density of [ given
the selected program Y, , the characteristics X, , and the estimate 0 can be approximated by repeatedly drawing S’

from the multivariate normal distribution N (u 2) and then weighting its value by L” /2 le )
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knowledge of the earnings of different specialties 1015 years out of medical school, a
phenomenon that has also been observed in the U.S. (Nicholson 2005). In anational system
where nearly all physicians are employees, the proportion of earnings from private practice
appears to a superior indicator of earnings that is more orthogonal to other specialty
characteristics (Harris, Gonzalez Lopez-Valcarcel et a. 2013). Similar problemsin identifying
the orthogona component of earnings have been encountered in studies of predominantly fee-
for-service payment systems (Gagne and Leger 2005).

Our welfare analysis did not take into account the costs of implementation of alternative

policies, asreflected in the term C(X) in equation (6) above. This drawback is especially

important for scenario 3, where we studied policies aimed at enhancing the professional prestige
and remuneration of practitioners of family and community medicine. Improving the
professional prestige of family doctors will likely entail the creation of top-level teaching
positions in medical schools, aswell as the redirection of research and development funds
toward the study of primary care. At present, only asmall minority of family doctors have their
own private practices or receive compensation for being on-call at private hospitals. New
incentives may be necessary to stimulate the formation of physician-owned health centers that
would eventually assume responsibility for the primary care of the general population under
contract with the Spain’s National Health Service. To the extent that income from private
practice served as a proxy for total compensation, our results suggest that increased salaries of
family doctors may be an effective means to attract the most productive young physiciansto
family medicine. In the long term, enhancement of professional prestige and increased
opportunities for remuneration from private practice may require areformulation of the nature of
work of the family physician, as well asthe role of community health centers not only in Spain,
but also in other healthcare systems.

We conclude that policies designed to increase the prestige and remuneration of
practitioners of family and community medicine have the potential to be more efficient and
equitable than other aternatives. Other policies that we studied here resulted in moderate
improvements in the number of productive practitioners of family medicine, but at substantial

costs in terms of equity.
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Table 1. Descriptive Statistics for the 2012 MIR Registry and the 2012 Post-MIR Survey

2012 MIR 2012 Post-MIR P-value2
Registry rvey
Samplesize 6,254 3,177
Spanish nationality® 77.8% 77.3% 0.58
Womenb 66.0% 67.1% 0.29
MIR Ranking¢ 3,307 3,049 0.00
(1,929) (1,899)
Distance from home to the 153.3 138.9 0.05
training center (minutes) ¢ (334.5) (321.5)
Home and training center in 52.6% 56.4% 0.00

the same provinceb

a. For binary variables (Spanish nationality, women, and home/training center in same province),
P-value based two-group two tailed comparison test of proportions. For other variables (MIR
ranking, distance from home to training center), P-value based on one-way ANOVA mean
comparison test.

b. Mean values of binary variables.

c. Mean values with standard deviations in parentheses. The highest ranked candidate had aMIR
ranking of 1.
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Table 2. Preferred Specialties Reported in the 2012 Post-MIR Survey 2

3-Feb-2014

Preferred Specialty Number of  Assigned to Preferred Assigned to Family

Respondents Soecialty (%) Medicine (%) ©
Cardiology 160 76 47.5% 18 11.2%
Plastic Surgery 110 13 11.8% 15 13.6%
Dermatology 193 50 25.9% 33 17.5%
FCM 234 229 97.9% 229 97.9%
Internal Medicine 147 105 71.4% 37 25.2%
Obstetrics & Gynecology 226 124 54.9% 60 26.6%
Pediatrics 396 231  58.3% 106  26.8%
Other Specialties 1,651 1,042 63.1% 278 16.8%
Total (b) 3,117 1,870 60.0% 776 24.9%

a. Based upon the question: “If you could choose specialty without regard to your score on the

exam, what specialty would you have chosen?’
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Table 3. Comparison of Selected Coefficientsin Models 11 and I11: Tests of Deviations from the
Hypothesis of Independence of Irrelevant Alternatives 2

Explanatory Variable P Model 1l ¢ Modél 11 d

Probability of obtaining employment (X1) x Ranking -0.291 —0.505
in MIR (0.216) (0.163)
Favorable lifestyle and work hours (X2) x Ranking in 0.192 —0.465
MIR (0.246) (0.205)
Recognition by patients (X3) x Ranking in MIR 0.322 1.605

(0.183) (0.150)
Prestige among colleagues (Xa) x Ranking in MIR 0.702 -3.734

(0.347) (0.299)
Opportunity for professional development (Xs) x —0.728 -1.479
Ranking in MIR (0.313) (0.299)
Annual remuneration with 10-15 years experience 0.147 -0.018
(Xe) x Rankingin MIR (0.032) (0.026)
Proportion of compensation from private practice (X7) -1.973 -2.337
x Ranking in MIR (0.319) (0.230)

a. Complete resultsin Appendix C, Table C1. All estimated coefficients and standard errors (in
parentheses) have been multiplied by 104. Parameter estimates in boldface correspond to
significant differences between Models 11 and 111 at the 5% level, based on Z-statistic:

Z=(, -, )/\/s +%, ,where b, and b,, arethe estimated parameters from the two
models, while s, and s, aretheir respective standard errors.

b. The highest ranked candidate had a MIR ranking of R =1, while lower-ranked candidates had
higher valuesof R .

c. 2012 MIR Registry restricted to the 3,117 candidates who also responded to the 2012 Post-
MIR Survey. The dependent variable was the actual training program elected by the candidate.
Each candidate’s choice set was restricted to those training programs still available when his
turn came up in the MIR sequence.

d. 2012 Post-MIR Survey of the same 3,117 candidatesin Model 11. The dependent variable was
the candidate's preferred training program if he were ranked first. Each candidate’s choice set
was the entire set of all training programs.
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Table 4. Welfare Analysisa
Policy Scenario AV AU AU
1 (Random Assignment) b 370 567 —2235
[349, 393] [528, 608] [-2339, —2148]

2A (Concentrated Reduction in 146 -9720 —2881

Supply)

2B (Generalized Reduction in 100 —9596 —2806

Supply) ° [94, 105] [-9685, —9518] [-2852, —2769]

3 (Upgrading Family and 859 3192 3835

Community Medicine)

a. For definitions of alternative policy scenarios and the criterion functions AV, AU , and AU ,

see Section 6. Simulation Strategies.
b. 95% credibility intervalsin brackets.

c. Theresultsfor policy scenario 3 are for the specific values X4 = 6.30 on a 10-point scale and
X7 = 39.3 on a percentage scale, which correspond to the valuations of these characteristics for

all specialties other than family medicine.
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Figure 1. Scatterplot of each candidate’'s score on the national exam versus his medical school
grade point average in the 2013 MIR cycle. Each point is one of 6,348 candidates. Black points
represent 213 graduates of the medical school of the Universidad Autonoma de Madrid. The

correlation coefficient between the national exam score and grade point average was +0.443.
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Figure 2. Number of candidates choosing family and community medicine (FCM) within the top
ranked 3,000 candidates in each MIR cycle, 2002—2012. In each year, the total number of
candidates exceeded 6,000.
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Figure 3. Monthly crude unemployment rate among Spanish physiciansin family and
community medicine (yellow points) and other specialties (dark gray filled points). No seasond

adjustment has been performed. Source: (Servicio Piblico de Empleo Estatal (SEPE) 2013)
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Figure 4. Monthly data on the percentage of new contracts in family and community medicine
(FCM). Source: (Servicio Publico de Empleo Estatal (SEPE) 2013)
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Figure 5. First best solution for a hypothetical set of N =90 candidatesand M =100 training

positions, of which M =50 arein family medicineand M, =50 arein the other hospital-
based specialty. Each candidate corresponds to a point in the (v, Au) plane. At the first best

optimum, atotal of 40 candidates (red filled points) are assigned to family medicine, while the
remaining 50 candidates (open points) are assigned to the hospital-based specialty.

3-Feb-2014
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Figure 6. Second best solution among all priority mechanisms for the same hypothetical set of

N =90 candidatesand M =100 training positions shown in Figure 5. At the second best

optimum, atotal of 40 candidates (blue filled points) are assigned to family medicine, while the

remaining 50 candidates (open points) are assigned to the hospital-based specialty.
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Figure 7. MIR solution for the same hypothetical set of N =90 candidatesand M =100 training

positions shown in Figures 5 and 6. A total of 40 candidates (green filled points) are assigned to
family medicine, while the remaining 50 candidates (open points) are assigned to the hospital -
based specialty. The five top-ranked candidates are labeled 1 through 5, while the five bottom-
ranked candidates are |abeled 86 through 90.
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Figure 8. The MIR solution with a supply restriction. The green filled points show the candidates

assigned to family medicine in the MIR solution of Figure 7. The 10 yellow points show the

additional candidates assigned to family medicine if the number of positionsin the hospital-
based specialty is reduced from M, =50 to M, =40.
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Figure 9. Priority mechanism with random ranking of candidates. The orange filled points show

the 40 candidates assigned to family and community medicine.
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Figure 10. Change in Maximum Attained Utility (Aui(l) = Uy - ui(o)) versus Original MIR

Ranking (R) for the Random Assignment Policy Scenario (1). The blue points represent those

candidates who were predicted to choose family and community medicine (FCM).
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Figure 11. Change in Maximum Attained Utility (Aui(2 a) = Uion) — ui(o)) versus Original MIR

Ranking (R) for the Concentrated Reduction in Supply Policy Scenario (2A). The blue points

represent those candidates who were predicted to choose family and community medicine
(FCM).
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Figure 12. Change in Maximum Attained Utility (Aui(zs) = Uog) — ui(o)) versus Original MIR

Ranking (R) for the Generalized Reduction in Supply Policy Scenario (2B). The blue points

represent those candidates who were predicted to choose family and community medicine
(FCM).
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Figure 13. Change in Maximum Attained Utility (Aui(g) = Uy — ui(o)) versus Original MIR

Ranking (R) for the Upgrading Family and Community Medicine Policy Scenario (3). The blue

points represent those candidates who were predicted to choose family and community medicine
(FCM). The plot reflects an improvement in prestige among colleagues (Xs) from 3.92 to 6.30 on
a 10-point scale and an increase in the proportion of income from private practice (X7) from 13.2

to 39.3 on a percentage scale.
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Figure 14. Simulations of Scenario 3 (Upgrading Family and Community Medicine) for
Different Values of Prestige among Colleagues (X4) and Percentage of Compensation from
Private Practice (X7). The vertical axis represents the change in the external benefit criterion

(9~ V(o) - The horizontal axis measures X7, scaled in percentage terms from O to 100. The

relative darkness of shade of each curve represents the level of Xa. The yellow point represents
the specific values of X4 and X7 assumed in Table 5. The solid vertical lineis set at X7 = 13.2%,
which represents the value, in combination with X4 = 3.92, at which the criterion AV =0.
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Figure 15. Simulations of Scenario 3 (Upgrading Family and Community Medicine) for
Different Values of Prestige among Colleagues (X4) and Percentage of Compensation from
Private Practice (X7). The vertical axis represents the change in the welfare criterion

AUy =Uy —U . The horizontal axis measures X7, scaled in percentage terms from O to 100.

The relative darkness of shade of each curve represents the level of Xa. The yellow point
represents the specific values of X4 and X7 assumed in Table 5. The solid vertical lineis set at X7
= 13.2%, which represents the value, in combination with X4 = 3.92, at which the criterion

AU =0.
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Appendix A. Optimal and Second-Best Assignment M echanisms with Supply Restrictions
In the main text, we assumed that the number of positions equaled or exceeded the

number of candidates, that is, N < M . Here, we consider supply restrictions that result in fewer
positions than candidates, that is, N> M .

If there are fewer positions than candidates, then N— M >0 candidates will have to end
up with anull position (O). Let O denoteaset of N—M such null positions. Then an

assignment becomes a mapping between C and PuUO.

We now |et an assignment map each candidate ¢ into an ordered pair of binary numbers

(f., ). When (., f,)=(10), the candidate is assigned to family and community medicine.

When ( £, f,z) = 0 0 the candidate is assigned to the hospital-based specialty, and when
( f fio , heis assigned to the null specialty. No candidate receives the assignment
i1

(
)=
) =(

(f. f. . Ineffect, f, isatwo-bit indicator where the first bit f, indicates whether the
candidate was assigned to family and community medicine. The second bit f,, indicates whether

a candidate who has not been assigned to family and community has instead by assigned to the
null specialty.

A candidate’s attained utility isnow u, = f,u. + f,,u, +(1— f,— fiz)uiH , Where u,, isthe

utility attained from the null specialty. It is natural to assume that every candidate would prefer

some specialty assignment over the null specialty, that is, u. > u, and u, > u,.8 We can rewrite
this attained utility as u, = f,Au, + f,Au, +u,, , where Au, =u. —u,, and Au, =u,—u,,,and
where we have assumed that Au,, <0 and Au, > Au,,. The social welfare function can then be

formulated as

(Al) W= zN‘,( A fizviz)"'Wo’

8 |n reality, some candidates withdraw from the MIR competition when there are still available training positions.
Most plan to retake the national exam the following year in the hope of attaining a higher ranking.
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where v, =1, + AWAU,, , V,, = AW AU, , and W, isdefined in (5).

In (A1), the contribution to socia welfare of a candidate assigned to family and
community medicineis still v;,. But if the candidate is not assigned to that specialty and is
instead assigned to the null specialty, then his contribution is v, , which is necessarily negative

as the result of the loss of utility for having been excluded.

It may appear that the extension of the set of positionsfrom P to Pu O constitutes

nothing more than the addition of athird specialty. But thisis not exactly the case. We have
assumed that no candidate would choose the null specialty when his turn comes up, that is,

u- >u, and u,, >u,.Accordingly, in apriority mechanism, the only candidates who end up

with the null specialty are those at the bottom of the ranking when positions in the two other
specialties (F and H) have already run out.

Consider a priority mechanism. In the first step (2.1), we rank candidates with v;, >0 and
Au,, >0 at the top of the ordering, and they elect family and community medicine, just as before.

Assuming that this step does not exhaust all positionsin family and community medicine, we

continue with the second step (2.2), ranking candidates with Au,, <0 and the algebraically
lowest values of v, . Let’s assume that this step exhausts all hospital-based positions. What
remainsisaset of candidates with values of v, and v,,, al of whom will have to elect family

and community medicine or end up excluded. In step 2.3, we now rank the remaining candidates

in decreasing order of v, —v., =1, + Aw, (uiF - uio) . That's because the effect on social welfare of

moving a candidate from a null position to a position in family and community medicineis

v, —V,. If step 2.2 does not exhaust al hospital-based positions, then we have |eft a subset of
candidates with negative values of v, and positive valuesof Au,, . In step 2.3, we rank these
candidates in decreasing order of v, until the set of positionsin family and community medicine

runs out. Then, with only positions in the hospital-based specialty or the null specialty available,
we rank the remaining candidates in increasing order of v;,, which isthe effect on social welfare

of moving a candidate from the null position to a hospital-based position.
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Table B1. Estimated Valuations of Seven Attributes for Each of 44 Medical Specialtiesab.c

Specialty Xu. Probability Xa. Xs. Recognition Xa. Prestige Xs. Opportunity Xe. X7.
of Obtaining Lifestyle & by Patients among for Professional Annual Proportion of
Employment Work Hours Colleagues Devel opment Remuneration Compensation
with 10-15 from Private
Years Practice
Experience
Allergy 5.48 8.28 5.50 474 6.47 73 4.42
Clinical Analysis & 5.59 8.13 2.38 3.29 5.74 71 3.83
Laboratory
Medicine
Anatomy & 5.86 8.46 241 4.00 6.12 67 2.67
Pathology
Anesthesiology 7.92 6.32 4.29 6.48 6.83 93 3.89
Vascular Surgery 6.42 525 8.17 8.69 8.42 103 4,52
Gastroenterology 6.68 6.51 7.08 6.69 7.25 83 3.87
Biochemistry 4.88 8.14 177 297 6.15 61 277
Cardiology 7.18 5.86 8.65 8.67 8.17 97 4.49
Cardiovascular 6.78 5.00 9.13 9.04 8.32 104 4.35
Surgery
General Surgery 6.88 4.85 8.27 7.79 7.78 93 3.85
ord & 6.37 5.44 7.95 7.57 7.27 114 5.68
Maxillofacial
Surgery
Traumatology 7.57 5.52 7.59 6.88 7.93 95 4.65
Pediatric Surgery 6.60 5.49 8.60 8.37 8.12 9% 4.14
Plastic Surgery 7.45 6.99 8.63 8.05 8.50 135 7.07
Thoracic Surgery 6.03 5.87 811 8.08 7.48 100 4.29
Dermatology 7.63 9.13 7.05 7.38 7.38 103 5.89
Endocrinology 7.16 8.09 7.07 6.84 7.69 81 451
Pharmacology 451 8.25 248 2.79 6.30 69 187
Geriatrics 7.53 7.83 6.23 424 5.67 72 317
Hematology 5.64 6.84 6.44 6.24 7.46 79 2.84
Immunology 4.23 7.84 3.28 4.07 8.27 69 245
Occupational 521 8.34 4.23 357 4.03 62 5.09
Medicine
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Specialty X1. Probability Xa. Xa. Recognition Xa. Prestige Xs. Opportunity Xe. X7.
of Obtaining Lifestyle & by Patients among for Professional Annual Proportion of
Employment Work Hours Colleagues Development Remuneration Compensation
with 10-15 from Private
Years Practice
Experience
Family & 8.39 7.76 5.92 3.92 511 56 132
Community
Medicine
Rehabilitation 5.77 8.49 6.52 472 6.28 73 4.42
Medicine
Intensive Care 6.49 4.74 711 7.04 7.15 82 231
Medicine
Internal Medicine 6.64 5.64 6.72 6.59 6.43 80 292
Nuclear Medicine 6.50 7.91 4.25 4.56 7.54 82 357
Preventive 5.60 8.79 3.35 4.19 6.47 63 2.09
Medicine & Public
Health
Microbiology 5.46 8.27 2.27 3.18 5.83 70 1.88
Nephrology 572 6.82 6.49 591 6.59 80 294
Pulmonol ogy 6.04 7.19 6.68 6.16 6.59 82 335
Neurosurgery 6.62 5.03 848 8.70 8.89 100 411
Clinica 4.23 7.18 371 3.83 6.60 7 2.59
Neurophysiology
Neurosurgery 6.08 6.42 7.36 7.73 8.27 92 4.06
Obstetrics & 7.23 4.95 7.09 6.82 7.31 96 4.92
Gynecology
Ophthalmology 6.76 7.81 7.25 6.90 7.29 108 6.03
Medical Oncology 7.07 6.53 7.99 7.30 8.76 83 3.33
Radiotherapy 6.56 6.79 6.84 6.39 8.27 80 246
Oncology
Otolaryngology 6.89 6.86 7.32 711 7.80 87 494
Pediatrics 797 6.67 7.65 7.20 7.40 80 421
Psychiatry 6.42 7.10 5.49 5.01 6.00 85 437
Radiology 7.34 7.75 3.36 5.26 7.38 90 3.99
Rheumatology 554 7.20 5.80 5.64 6.79 76 3.34
Urology 6.36 6.63 6.77 6.47 7.00 92 413

66



Allocation of Specialty Training Positions in Spain 3-Feb-2014

Notesto Table B1:

a. Source: 2011 survey to 978 final-year studentsin Spanish medical schools (Harris, Gonzalez L opez-Valcarcel et
al. 2013). The introductory survey text was, “In this section, you'll define your profile of some medical
specialties, including the one that you' ve just chosen as your first choice as well as others chosen at random.
Think about your perceptions and expectations concerning each specialty.”. The preamble to the two questions on
attributes 6 and 7 was: “ The following questions are about compensation. To facilitate your responses, recall that
the average annual grossincome of afull-time specialist in Family & Community Medicine with 10-15 years
experienceis currently about 60,000 euros.”

b. The survey questions concerning each specific attribute were as follows:
X1. Prabability of Obtaining Employment. “How would you rate the probability of obtaining work in the next

three years, whether in the public or private sector, for an individual who became certified in this specialty today? (0
to 100 percent)” It has been rescaled to 0-10

X2. Lifestyle & Work Hours. “Work hours, working conditions, and the ability to reconcile work with family
life. (0to 10, 0 = very bad, 10 = very good)”

X3. Recognition by Patients. “Recognition of professional work on the part of patients. (0 to 10)”

X4. Prestige among Colleagues. “Prestige and recognition among colleagues as well as social recognition. (0 to
10)”

X5. Opportunity for Professional Development. “Possibility of promotion or future professional development
within the specialty (new fields, new techniques, scientific advances). (0 to 10)”

X6. Annual Remuneration with 10-15 Years Experience. “ Estimate the current average annual gross
remuneration (public and private combined) of a specialist with 10-15 years of experience. (Thousands of euros)”

X7. Proportion of Compensation from Private Practice. “What percentage of this remuneration (including
public and private) do you believe comes from private practice? (0 to 100 percent)” It has been rescaled to 0-10.
¢. The valuations corresponded to the predicted values from the following model: Y, = p+6, +v, +¢,, where Y,
is the reported assessment by medical student i of attribute j for specialty k, y and 6, are unknown

parameters, and v, and ¢, areerror terms.
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Appendix C. Detailed Model Results
Table C1. Parameter Estimates for Models|, |1 and 111

Model | a Model 11b Model 11 ¢
Mean (1)
Distance (minutes) from home -0.0031 *** -0.0029 *** -0.0024 ***
province to training center (0.0001) (0.0002) (0.0002)
PET scan availablein training 0.040 0.054 -0.011
center hospital (0.035) (0.048) (0.050)
Training center in same province 2.601 *** 2.759 *** 2.721 ***
as candidate’s residence (0.048) (0.069) (0.065)
Number of hospital bedsin 0.00007 0.00007 -0.00009 *
training center (0.00004) (0.00006) (0.00005)
Number of positions availablein 0.0118 *** 0.0117 *** 0.0074 ***
training program (0.0003) (0.0004) (0.0004)
Favorable lifestyle and work 0.214 *** 0.209 ** -0.040
hours (X2) (0.074) (0.100) (0.083)
Prestige among colleagues (Xa4) 0.978 *** 1.022 *** 1.267 ***

(0.115) (0.158) (0.139)

Opportunity for professional 0.236 ** 0.131 0.185
development (Xs) (0.100) (0.136) (0.138)
Annual Remuneration with 10-15 -0.018 * -0.016 -0.016
years experience (Xe) (0.010) (0.014) (0.011)
Probability of obtaining 0.066 0.058 0.033
employment (X1) x Female (0.046) (0.064) (0.049)
gender
Favorable lifestyle and work 0.071 0.171 *** 0.131 **
hours (X2) x Female gender (0.048) (0.065) (0.056)
Recognition by patients (X3) x -0.042 -0.054 -0.044
Female gender (0.037) (0.050) (0.046)
Prestige among colleagues (Xa) x 0.265 *** 0.314 *** 0.247 ***
Female gender (0.072) (0.099) (0.093)
Opportunity for professional -0.139 -0.097 -0.033
development (Xs) x Female (0.064) (0.088) (0.092)

gender
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Model | a Model 11b Modd 111 ¢
Annual Remuneration with 10-15 -0.041 *** -0.037 *** -0.033 ***
é?dserexperience (Xs) x Female (0.006) (0.088) (0.008)
Proportion of compensation from 0.223 *** 0.163 ** 0.152 **
ng‘]’;t; practice (X7) x Female (0.060) (0.084) (0.072)
Probability of obtaining 0.364 *** 0.326 *** 0.119 **
ﬁ';f’;ﬁ;ﬁ?ﬁ”t (X1) x Spanish (0.055) (0.075) (0.057)
Favorable lifestyle and work -0.281 *** -0.333 *** -0.271 ***
hours (X2) x Spanish nationality (0.062) (0.084) (0.069)
Recognition by patients (X3) x 0.265 *** 0.202 *** 0.093 ***
Spanish nationality (0.044) (0.060) (0.054)
Prestige among colleagues (Xs) x -0.617 *** -0.639 *** -0.328 ***
Spanish nationality (0.091) (0.125) (0.112)
Opportunity for professional -0.1802 ** -0.1578 * 0.0002
g;’iz'r?;’ir?;”t (Xs) x Spanish (0.0750) (0.1010) (0.1074)
Annual Remuneration with 10-15 0.003 -0.005 -0.015 *
ﬁ?;nzxﬁ;ﬂence (Xe) x Spanish (0.008) (0.011) (0.009)
Proportion of compensation from -0.248 *** -0.206 ** 0.071
E;‘i’izlfi’tr;‘c“ce (X7) x Spanish (0.072) (0.100) (0.084)
Probability of obtaining -0.00005 *** -0.00003 -0.00005 ***
ﬁ;’:g’gyme”t (X1) x Ranking in (0.00002) (0.00002) (0.00002)
Favorable lifestyle and work 0.00003 * 0.00002 -0.00005 **
hours (X2) x Ranking in MIR< (0.00002) (0.00003) (0.00002)
Recognition by patients (X3) x 0.00002 * 0.00003 0.00016 ***
Ranking in MIR< (0.00001) (0.00002) (0.00002)
Prestige among Colleagues (X4) x 0.00010 *** 0.00007 ** -0.00037 ***
Ranking in MIR< (0.00003) (0.00003) (0.00003)
Opportunity for professional -0.00012 *** -0.00007 ** -0.00015 ***
E'Ael"s(?pme”t (Xs) x Ranking in (0.00002) (0.00003) (0.00003)
Annual Remuneration with 10-15 0.000019 *** 0.000015 *** 0.000002
years experience (Xs) x Ranking (0.000002) (0.000003) (0.000003)

inMIRd
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Model | a Model 11b Modd 111 ¢
Proportion of compensation from -0.00022 *** -0.00020 *** -0.00023 ***
Fl\’;il‘ge practice (X7) x Ranking in (0.00002) (0.00003) (0.00002)
Probability of obtaining 0.510 *** 0.505 *** 0.438 ***
employment (X,) (0.074) (0.100) (0.079)
Recognition by patients (X3) -0.247 *** -0.242 *** -0.609 ***
(0.065) (0.089) (0.071)
Proportion of compensation from 0.919 *** 0.932 *** 0.819 ***
private practice (X7) (0.110) (0.148) (0.116)
Standard Deviation (&)
Probability of obtaining 0.703 *** 0.664 *** 0.0003
employment (X1) (0.044) (0.061) (0.074)
Recognition by patients (Xs3) 0.278 *** 0.246 *** 0.0003
(0.035) (0.053) (0.027)
Proportion of compensation from 0.416 *** 0.396 *** 0.002
private practice (X7) (0.051) (0.076) (0.056)
Total number of choices 6,884,904 3,775,333 7,876,659
Number of candidates 6,254 3,117 3,117

a. 2012 MIR Registry for all 6,254 candidates. The dependent variable was the actual training program elected by
the candidate. Each candidate’s choice set was restricted to those training programs still available when histurn

came up in the MIR sequence.

b. 2012 MIR Registry restricted to the 3,117 candidates who also responded to the 2012 Post-MIR Survey. The
dependent variable was the actual training program elected by the candidate. Each candidate’s choice set was
restricted to those training programs still available when his turn came up in the MIR sequence.

c. 2012 Post-MIR Survey of the same 3,117 candidatesin Model |1. The dependent variable was the candidate’'s
preferred training program if he were ranked first. Each candidate’s choice set was the entire set of all training

programs.

d. The highest ranked candidate had aMIR ranking of R =1, while lower ranked candidates had higher values of

R.
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Appendix D. Plots of Maximum Attained Utility versus Original MIR Ranking for each

Policy Scenario
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Figure D1. Maximum Attained Utility (u;) versusMIR Ranking (R ) in the Baseline Scenario

(0). The blue points represent those candidates who were predicted to choose family and

community medicine (FCM).
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Figure D2. Maximum Attained Utility (u;) versus MIR Ranking (R ) in the Random

Assignment Policy Scenario (1). The blue points represent those candidates who were predicted

to choose family and community medicine (FCM).
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Figure D3. Maximum Attained Utility (u;) versusMIR Ranking (R ) in the Concentrated

Reduction in Supply Policy Scenario (2A). The blue points represent those candidates who were

predicted to choose family and community medicine (FCM).
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Figure D4. Maximum Attained Utility (u;) versus MIR Ranking (R) in the Generalized

Reduction in Supply Policy Scenario (2B). The blue points represent those candidates who were
predicted to choose family and community medicine (FCM).
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Figure D5. Maximum Attained Utility (u;) versus MIR Ranking (R ) in the Upgrading Family

and Community Medicine Policy Scenario (3). The blue points represent those candidates who
were predicted to choose family and community medicine (FCM). Prestige among colleagues
(X4) was increased from 3.92 to 6.30 on a 10-point scale, while the proportion of income from
private practice (X7) was increased from 13.2 to 39.3 on a percentage scale.
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